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There is significant heterogeneity in actual skill use within occupations even though 
occupations are differentiated by the tasks workers should perform during work. 
Using data on 12 countries which are available both in the Programme for the 
International Assessment of Adult Competencies survey and International Social 
Survey Program, we show that women use their cognitive skills less than men even 
within the same occupation. The gap in skill intensity cannot be explained by 
differences in worker characteristics or in cognitive skills. Instead, we show that 
living in a partnership significantly increases the skill use of men compared with 
women. We argue that having a partner affects skill use through time allocation as 
the gender penalty of partnered women is halved once we control for working hours 
and hours spent on housework. Finally, we do not find evidence of workplace 
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Nemek közötti különbségek a kognitív képességek munkahelyi 
használatában 
RITA PETŐ – BALÁZS REIZER 
ÖSSZEFOGLALÓ 
Még az azonos foglalkozású nők és férfiak között is számottevő különbség figyelhető 
meg a tényleges képességhasználatban foglalkozásokon belül. Ez azért meglepő, mert 
a foglalkozásokat egy részletes feladatlistával definiálják, ami megmondja, hogy az 
adott foglalkozásban a munkavállalónak milyen feladatokat kellene ellátnia. A 
tanulmányban 12 olyan ország adatait használtuk, melyek mindegyike szerepel mind 
a OECD felnőttek képesség- és kompetenciamérése programjában (PIAAC), mind 
Nemzetközi Szociális Felmérési Programban (ISSP). Megmutatjuk, hogy a nők még 
ugyanazon foglalkozáson belül is kevesebbet használják kognitív képességeiket, mint 
a férfiak. A képességhasználatban lévő különbség nem magyarázható a 
munkavállalói jellemzők vagy a kognitív képességek különbségeivel. Ehelyett azt 
találjuk, hogy a párkapcsolatban élés jelentősen növeli a férfiak képesség használatát 
a nőkhöz képest. A partner megléte a képességhasználatot az időbeosztáson keresztül 
befolyásolja. A párkapcsolatban élő nők és férfiak közötti különbség a felére csökken, 
ha kontrollálunk a munkára és a házimunkára fordított órák számára. A 
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Gender Differences in the Skill Content of Jobs
Rita Pető · Balázs Reizer
Abstract There is significant heterogeneity in actual skill use within occupa-
tions even though occupations are differentiated by the tasks workers should
perform during work. Using data on 12 countries which are available both in
the Programme for the International Assessment of Adult Competencies sur-
vey and International Social Survey Program, we show that women use their
cognitive skills less than men even within the same occupation. The gap in
skill intensity cannot be explained by differences in worker characteristics or
in cognitive skills. Instead, we show that living in a partnership significantly
increases the skill use of men compared with women. We argue that having
a partner affects skill use through time allocation as the gender penalty of
partnered women is halved once we control for working hours and hours spent
on housework. Finally, we do not find evidence of workplace discrimination
against women.
1 Introduction
The gender gap in labor market outcomes has been decreasing rapidly since
World War II [49]. This positive trend is the result of the decreasing gender
segregation across occupations and workplaces. More specifically, the relative
position of women in education has increased and, as a consequence, women
are now less likely to be segregated into occupations with low wages and low
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skill requirements [51,15]. Even so, the pay gap has remained considerably
large between women and men with very similar labor market characteristics:
[19] show that the current gender wage differences are much larger within
occupations than between occupations.
A strand of recent literature [55,8,56] uses self-reported skill use measures
to investigate the wage differences within occupations. Using the Programme
for the International Assessment of Adult Competencies (PIAAC) survey, [18]
showed that women tend to carry out less skill-intensive tasks and consequently
earn less than men even within the same “official” occupational category. [14]
found that half of the gender wage convergence between 1980 and 2000 can be
attributed to the convergence in executed tasks. Similarly, the convergence in
skill use within occupations has halved the part-time wage penalty of women
[25]. The differences in skill use have important life cycle effects as well. [57]
showed that the gender gap increases in early career because women accu-
mulate less experience in using cognitive skills than men. The large within-
occupation difference in skill use is surprising as occupations are characterized
by a detailed list of tasks and duties as to what individuals should do at their
workplace [35].
This paper is the first to investigate directly the possible mechanisms that
lead to lower cognitive skill use by women at the workplace. Our most im-
portant result is that neither job characteristics nor differences in cognitive
test scores can explain the within-occupation gender gap in cognitive skill
use. Likewise, a wide set of worker characteristics cannot explain the gender
gap. We show that women living in a partnership use their cognitive skills
less than men who live with a partner. We argue that the unequal division of
housework is an important confounder of the results. The gender penalty of
partnered women is halved once we control for working hours and hours spent
on housework. Finally, we do not find evidence for workplace discrimination
in task allocation and show that differences in preferences cannot explain the
gender gap in skill use at work either
As a first step, we document that the tasks performed by women are sig-
nificantly less skill-intensive on average than those performed by men with
the same abilities and in the same occupation. We use the first wave of the
PIAAC survey.1 This data set is unique in the sense that it contains numeracy
and literacy test scores measuring the ability to use cognitive skills as well as
detailed information about the actual activities of workers at the workplace
(e.g. how often they use a text editor, read directions or instructions, fill in
forms, etc.). The survey summarizes these activities into standardized indices
measuring cognitive and non-cognitive skill use at work. The raw gender gap
is around 0.3 standard deviation in numeracy, literacy skill use and in using
information and communication technology skills (ICT skills). The composi-
tion effect, including schooling, 3-digit occupational categories and a wide set
of job characteristics can explain less than half of the unconditional gender
1 The PIAAC includes 24 countries but we only use 12 countries for which we can match
time use data. The results are similar if we include the other countries in the sample.
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gap in skill use at work. Furthermore, the gender gap in skill use is apparent
at every educational level and in every observed country. These differences are
significant in economic terms as they correspond to approximately 4 years of
schooling. The novelty of our research is that we control for the cognitive test
scores of individuals to show that the gender differences in skill use cannot be
explained by differences in the ability to use these skills.2
In the second part of the paper, we show that having a partner increases
skill use among men compared to women with a partner. As a consequence,
the gender gap in skill use is much smaller among single workers. We match
the time use survey of the International Social Survey Program to the PIAAC
data based on demographic characteristics to investigate how hours spent on
work at the workplace and housework3 contribute to the skill use effect of be-
ing in a relationship. We argue that time allocation is an important mechanism
through which having a partner affects skill use at work, as the gender penalty
of partnered women is halved and becomes insignificant in most of the spec-
ifications once we control for working hours and hours spent on housework.
Furthermore, we do not find evidence that partnered women use skill less at
the workplace because they prefer to use skill less, and we do not find a sig-
nificant child penalty in skill use at work conditional on hours spent on work
at the workplace and at home either.
In the final part of the paper, we discuss the possible mechanisms that
may lead to the unequal division of housework. These mechanisms may be
lower bargaining power of women, specialization within the household or social
expectations toward the housework of women.
Beyond the literature cited above, our paper also relates to the measure-
ment of workplace tasks. As individual-level skill use measures are rare, the
largest strand of literature uses official task descriptions of occupations to
measure the activities performed at the workplace. These papers documented
decreasing returns to routine tasks and increasing returns to non-routine cog-
nitive tasks [28,1,7]. However, without self-reported skill use measures, re-
searchers cannot make inferences on within-occupation differences in skill use.
Researchers therefore implicitly assume that differences in skill use within
an occupation are random. We add to the previous literature by using self-
reported skill use measures to show that women systematically use their cog-
nitive skills less than men wit the same occupation and cognitive test scores.
The paper also relates to the effect of non-cognitive skills on labor market
outcomes. [59,24,23] show that the demand for non-cognitive skills has been
increasing over time. Furthermore, [20] argue that the increasing demand for
social skills has positively affected the college premium among women. We add
to this literature by showing that women report lower social skill use than men
in the same occupation. Still, conditional on total individual skill use, women
use non-cognitive skills relatively more intensively.
2 [39] show that skill use at the workplace increases cognitive test scores. That is why
cognitive test scores over-control for the gender gap in skill use at work.
3 We observe actual working hours in the PIAAC survey and we only match housework
hours.
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The paper also contributes to the literature on gender-based discrimination
[60,27,45]. We do not find evidence that less skill-intensive tasks are allocated
to women because employers underestimate their cognitive skills [2]. Recent
literature shows that women who are more likely to become pregnant based
on their observable characteristics earn less [62,12,38]. However, we find that
age and education-specific birthrates have only a minor effect on skill use at
work.
2 Data and descriptive statistics
We use the Programme for the International Assessment of Adult Competen-
cies (PIAAC) survey for our analysis. The survey is unique in the sense that it
collects information on skill use at the workplace and skill use in leisure time
and it contains literacy and numeracy tests to measure skill endowments.
The survey provides a wide set of categorical questions indicating how
often respondents do certain activities or use certain tools at their workplace.
For each question, workers have to choose one of five categories ranging from
“never” to “every day”. The OECD summarizes these questions in 9 skill
use indices using the generalized partial credit model (GPCM). The GPCM
is developed for situations where respondents have to choose from ordered
categories. More specifically, the OECD fitted the following model:
Pr (Yij = 1|ai, bi, θj) =
exp {ai(θj − bi)}
1 + exp({ai(θj − bi)}
(1)
where Yij is 1 if the respondent j chose item i. θj is the skill use index for the
respondent, while ai and bi are question-specific parameters. The OECD used
the PARSCALE software to estimate equation 1 jointly for every question with
weighted likelihood estimation. The strengths of the GPCM methodology are
discussed by the [48] in detail. Most importantly, the skill use index θj can be
computed even if the respondent does not answer all of the questions regarding
the skill use at work.4
In this analysis, we focus on the summary indices of basic cognitive skills
(numeracy skill use at work, literacy skill use at work and ICT skill use at work)
and examine whether there are any gender differences along these measures.
Table 1 summarizes the short definitions of the 9 indices. Appendix Table A-1
lists the specific questions which make up the skill use measures. For example,
the numeracy skill use measure is constructed from 6 specific questions. Using
the GPCM method, the numeracy skill use index can be computed for any
respondent who answers at least one of the six questions. We will refer to the
indices in the first panel of Table 1 as measures of the skill intensity of a given
job.
The second group of questions we use in the paper is the measures of
skill use in leisure time. These measures are constructed by the exact same
4 For technical details of the estimation and for the reliability of indices, see Section 20.5
in [47].
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Table 1 Definition of the main index variables
Name of index Definition
In the main analysis:
Numeracy Index of use of numeracy skills
at work (basic or advanced)
Writing Index of use of writing skills at work*
Reading Index of use of reading skills at work*
ICT Index of use of ICT** skills at work
In the appendix:
Influence Index of use of influencing skills at work
Planning Index of use of planning skills at work
Ready to learn Index of readiness to learn
Task discretion Index of use of task discretion at work
Learning at work Index of learning at work
*The index of literacy at work combines the indices for reading skills at work and writing
skills at work into one measurement using the methodology developed by [4].
**information and communication technologies
methodology as the skill use at the workplace. A separate set of questions asked
the respondents how often they do specific activities in their leisure time. The
answers have the same categories, and the same GPCM model summarize them
into indices as in the case of skill use at the workplace. Therefore, the indices
on skill use at the workplace and on skill use in leisure time are comparable
and have the same scale.
The third group of measures we use is the literacy and numeracy test scores.
We use these test scores as the proxy of the cognitive skill endowment of the
respondents.5 According to the [46] definition, the tests related to literacy
are developed in a way so as to measure “understanding, evaluating, using
and engaging with written texts to participate in society, to achieve one’s
goals and to develop one’s knowledge and potential” ([46], p. 20). Similarly,
the numeracy skill tests are aimed at measuring “the ability to access, use,
interpret, and communicate mathematical information and ideas, to engage in
and manage mathematical demands of a range of situations in adult life” ([46],
p. 33). Hereafter, we use these tests as proxies for cognitive skills. The survey
also provides information on the respondents’ labor market status, education,
social background, occupation (3-digit ISCO codes), etc.
The study was conducted in 2011-2012 by interviewing about 5000 individ-
uals (aged 16-65) in each of the participating countries. In our analysis, we are
focusing on 12 countries where we can link the PIAAC data to the time use
information.6 Altogether, we observe a sample of 33,800 working individuals
for whom at least one of the cognitive skill use indices is available (see Table
2), 53,5% of which are women. We use the sampling weights provided by the
OECD throughout the analysis.
5 The survey provides ICT skill measures only for a small subsample and does not measure
non-cognitive skills. Thus we cannot include these measures into the analysis.
6 In Section 3, we also investigate the gender gap by country.
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Table 2 Sample size by country and gender
Country Men Women Total
Czech Republic 1,131 1,423 2,554
Denmark 1,913 1,863 3,776
France 1,507 1,605 3,112
Great Britain 1,553 2,424 3,977
Germany 1,290 1,481 2,771
Japan 1,506 1,396 2,902
Korea 1,583 1,432 3,015
Norway 1,255 1,423 2,678
Poland 1,412 1,622 3,034
Russian Federation 415 1,083 1,498
Slovakia 1,046 1,242 2,288
Spain 1,090 1,105 2,195
Total 15,701 18,099 33,800
Table 3 provides basic descriptive statistics for males and females. To facil-
itate comparison, we also provide the estimated differences across gender and
the t-statistics. We use the sampling weights provided by the data set and we
use the full sample.7 Male workers are somewhat more experienced and they
are more likely to have full-time jobs. As a consequence, men work 7,41 hours
more on average than women. Women are less likely to work at private firms,
while men and women are equally likely to have children. Women perform
worse on the cognitive tests (numeracy and literacy tests) and they use their
cognitive skills less at work as well.
To better understand the selection into employment, the same descriptive
statistics (where it was relevant) are calculated for unemployed people (see
Appendix Table A-2). In line with our intuition, unemployed people are less
experienced and are less educated than the employed. Unemployed women per-
form worse on cognitive tests related to numeracy skills, while they outperform
unemployed men on literacy tests.
The information on housework and family care comes from the fourth wave
of the International Social Survey Programme: Family and Changing Gender
Roles (ISSP). The survey was conducted in 2012 and aims at measuring atti-
tudes towards marriage, child bearing and activities pursued in leisure time and
at the workplace (ISSP, [36]). The database contains self-reported information
on the hours spent on housework and family care separately.8 As a first step,
we calculate average housework and family care by country of origin, gender,
marital status, 1-digit occupational category, educational level and a children
dummy. We choose these dimensions to maximize the relevant categories and
the share of respondents to whom we can match housework information at the
7 The results are virtually the same for the sub-sample where all measures of the skill
intensity of the job are available.
8 The ISSP survey asks “On average, how many hours a week do you personally spend
on household work, not including childcare and leisure time activities?” and “On average,
how many hours a week do you spend looking after family members (e.g. children, elderly,
ill or disabled family members)?”
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Table 3 Descriptive statistics for the main variables
Variable Male Female Difference t-stat
Experience (year) 19.43 17.07 -2.36 -11.20
(0.16) (0.14)
Years of education 13.99 13.76 -0.23 -4.13
(0.04) (0.04)
Share of full time workers 0.88 0.67 -0.21 -29.75
(0.00) (0.01)
Weekly work hours 43.45 36.04 -7.41 -31.98
(0.17) (0.15)
Share of those who have children under age 18 0.14 0.13 -0.01 -0.93
(0.01) (0.00)
Native 0.87 0.87 0.00 0.24
(0.00) (0.00)
Employed in private sector 0.79 0.68 -0.11 -13.24
(0.01) (0.01)
Average numeracy test score* 0.15 -0.15 -0.30 -13.91
(0.01) (0.02)
Average literacy test score* 0.06 -0.06 -0.12 -6.09
(0.01) (0.02)
Numeracy skill use at work** 0.15 -0.15 -0.29 -15.34
(0.01) (0.01)
Literacy skill use at work** 0.15 -0.15 -0.30 -15.49
(0.01) (0.01)
ICT skill use at work** 0.13 -0.14 -0.28 -13.84
(0.01) (0,01)
Observations 15,701 18,099
* Standardized test score with a mean of 0 and a variance of 1
**Standardized skill use indices with a mean of 0 and a variance of 1
same time. Next, we use exact matching based on these demographic charac-
teristics to match the segment-level average hours spent on housework from
the ISSP with the individual observations in the PIAAC data.9 These cate-
gorical variables define 1476 distinct segments, which we observe both in the
ISSP and the PIAAC. These segments consist of 33,800 respondents, who are
shown in Table 2. There are 454 segments and 2668 respondents in the PIAAC
survey to whom we cannot match housework information.
Using segment-level averages as a proxy for individual housework has two
important features. First, these measures of household activities are not cor-
related with unobserved individual characteristics, which are correlated both
with individual hours spent on housework and skill use at work. Therefore,
the results can be interpreted as the estimate of the reduced form of an in-
strumental variables model where the instrument of individual housework is
the leave-out-mean of the group [58].
9 The segments represents 9425 individuals in the ISSP, which means that the segments
contain 6.4 individuals on average. The between-group variation of housework hours covers
more than 60 percent of the total variance in household hours (the total standard deviation of
housework is 10.5 hours, while the between-segment variation is 6.6 hours). The information
loss is less in the case of family care, where the total standard deviation is 12.6, while the
between-group variation is 10 hours.
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Fig. 1 Distribution of weekly housework and family care by gender (hours)
Note: The number of hours spent on housework and family care is winsorized at 40 hours.
Second, the group-level average measures individual hours spent on house-
work and family care with a random measurement error which biases the
parameters of these variables toward zero (attenuation bias). To better under-
stand the problem, let xi denote the housework done by worker i in segment
s. Without loss of generality, we can assume that xi = xs + εi where xs is
the expected value of housework in the segment and εi is a zero mean ran-
dom term. Instead of observing xi we only observe the average housework of
individuals in segment s in the ISSP survey (x̄i). In this setup, there are two
types of measurement error. First, we do not observe εi. Second, the group
average x̄i is only a noisy measure of xs. The attenuation bias caused by the
measurement error is decreasing in the variance of x̄i [61]. By the law of large
numbers, this variance is larger if the size of the segment is smaller in the
ISSP. On the one hand, the estimation is possible even if we observe only one
individual in each segment in the ISSP survey. On the other hand, despite the
attenuation bias, our estimated parameters are significant (Section 3.1, Table
7). Besides, the attenuation bias also implies that we underestimate the effect
of housework on skill use at work and overestimate the conditional gender
gap in absolute terms [16]. The same argument applies for using group-level
averages as a proxy for individual hours spent on family care. As a result, our
estimates give an upper bound in absolute terms for the gender gap in skill
use at work.
Figure 1 Panel A shows the distribution of weekly housework in the com-
bined database. According to the figure, the hours spent on housework vary
significantly across individuals and we also find important gender differences
in this regard. On average, women devote 7.2 more hours to housework than
men and they are significantly less likely to report fewer than 10 hours. Com-
pared to housework hours, we can observe a much smaller gender difference in
the hours spent on family care. Although men are more likely to report very
low hours spent on family care, on average, women spend only 3.2 hours more
on family care than men.
We can also test the reliability of the results by comparing the self-reported
and spouse-reported hours spent on housework. The ISSP survey includes only
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one member of the household and the respondent has to gauge the amount
of her own and her spouse’s housework. If people systematically overestimate
their own housework, then we expect that self-reported housework hours is
higher than spouse-reported housework hours.10 In contrast, Appendix Figure
A-1 highlights that the distribution of housework remarkably overlaps for both
men and women. That is why we conclude that the number of self-reported
hours spent on housework is indeed an unbiased measure of the activities at
home.
Table 4 summarizes the hours spent on housework by gender and partner-
ship status. The most apparent difference is that women spend more time on
housework than men, independently of their partnership status. Not surpris-
ingly, single men without children spend the least amount of time on housework
(6.77 hours a week), 2.14 hours less than single women without children. Fur-
thermore, the table shows ample evidence of the unequal division of housework
between the partners. Women without children living in a partnership spend
3.25 hours more on housework weekly than single women without children,
while men living in a partnership spend only 0.56 hours more on housework
than their single counterparts. We see a striking difference among women with
children. If partnered women have children, they spend 5.06 hours more on
housework than partnered women without children. Altogether, women living
with a partner spend almost twice as many hours on housework than men.
As opposed to this, we do not find such a large gender difference in hours
spent on family care.11 Living with a partner increases the hours spent on
family care for men and women alike. Similarly, people having children spend
more on family care than people without children.
Finally, if housework hours depended only on the division of housework
within households, single men and single women with children would allocate
a similar number of hours to housework. To the contrary, we find that single
women with children spend 15.21 hours per week on housework, while single
men with children spend only 7.30 hours on housework. This difference cannot
be explained by the unequal division of housework, other mechanisms may also
play a role.
Finally, we plot the average hours spent on family care as the function of
hours spent on housework. By doing so, we test whether people responsible
for an especially large amount of housework can devolve family care to other
adults in the family/household. Appendix Figure A-2 groups the people into 20
equally sized bins by the amount of reported housework and plots the average
hours spent on family care for men and women. The figure highlights that
women spend more time on family care at every level of housework and people
who report larger amounts of housework also spend more time on family care.
Based on these facts, we conclude that there is no trade-off between doing
more housework and spending more time on family care.
10 This may be especially problematic among women, who may over-report their housework
because of social expectations.
11 Note: The ISSP survey does not specify whether family care is related to children, old
parents or other family members.
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Table 4 Hours spent on housework by gender
Single With partner
No Children Children No Children Children
Panel A: Men
Hours spent on housework 6.77 7.30 7.33 7.55
(4.66) (4.43) (4.76) (5.93)
Hours spent on family care 3.09 4.80 4.11 6.59
(4.50) (8.17) (6.20) (8.52)
Observations 4653 1797 1023 9349
Panel B: Women
Hours spent on housework 8.91 15.21 12.16 17.22
(5.62) (6.71) (6.89) (7.11)
Hours spent on family care 3.84 6.42 7.46 10.94
(4.06) (5.60) (9.31) (10.06)
Observations 4407 212 2922 10482
3 Results
This section shows that women use their cognitive skills at the workplace
less often than men but the heterogeneity in individual and job character-
istics cannot, in itself, explain this gender gap. To prove this claim, we run
Mincerian-type regressions where the left hand side variable is one of the in-
dices measuring the skill intensity of the job (see Table 1). We pool all coun-
tries in our sample together. Our main right hand side variable is gender, while
controlling for different sets of variables:
yi = α+ β ∗ femalei +Xiγ + ui, (2)
where yi denotes the examined skill intensity measure (standardized to have a
mean of zero and a standard deviation of one). The main coefficient of interest
is β showing the gender gap in skill use at the workplace. Xi is the set of control
variables including the numeracy and literacy test scores of the respondents.
The test scores enable us to show that women do not use their cognitive
skills less because of their lack of skills.12 Besides controlling for individual
skills, we also mimic a Mincerian-type wage equation by controlling for years
of education, experience, experience-square, occupation (3-digit ISCO codes),
etc.13 As occupations are defined by a detailed list of tasks and duties that
12 If cognitive and non-cognitive skills are correlated and we do not control for non-
cognitive skill endowment, then the parameters of the test scores are biased. The PIAAC
data do not measure non-cognitive skill endowment and that is why we proxy it with trust
in other individuals The correlation between our cognitive and non-cognitive skill measures
are positive but low (the correlation between trust and literacy test scores is 0.1254, while
it is 0.1443 for trust and numeracy test scores). Still, if men and women have the same
average cognitive and non-cognitive skill endowments conditional on test scores and trust,
then Equation 2 gives an unbiased estimate of the gender gap in skill use at work [31].
13 The remaining control variables are parents’ highest level of education, trust in other
people, dummy for those managing others, self-employment dummy, dummy for those having
a permanent contract, having a partner, dummies for 1-digit industry, 5 firm size categories
and private sector control.
Gender Differences in the Skill Content of Jobs 11
employees have to fulfill at their workplace, the occupation categories alone
should explain the individual heterogeneity in skill use at work. By including
occupational categories and cognitive test scores in the control variables, we
do not only control for the tasks that employees should carry out at work but
also for the individual’s ability to use cognitive skills. Finally, workers’ tasks
may differ county by country even if they have the same occupational category.
That is why we use country-occupation fixed effects instead of occupational
fixed effects to account for these differences.
As an additional robustness check, we use propensity score matching to
ensure that only observationally similar men and women are used for the esti-
mation. We follow the strategy of [29]. First, we estimate the propensity scores
by using a logit model, we include in the model the age, years of education, lit-
eracy and numeracy test scores. Second, with the estimated propensity scores
in hand, we use the nearest-neighbor matching by country. Which means that
we matched without replacement every woman with the man of the same
country with the closest propensity score. This procedure ensures that gender
difference in skill use at work is estimated on common support at the cost of
losing 22 percent of the sample. As the choice of the confounders is arbitrary,
we made sensitivity test by using different set of control variables. The esti-
mates are very similar to the results in the main text (see Appendix Table
A-3)
The point estimates for equation 2 are shown in Table 5. The three skill
use indices are shown in separate panels while the columns differ in control
variables. According to Column (1), women use their cognitive skills with an
approximately 0.3 standard deviation less than men. The raw differences are
somewhat larger in numeracy skill use (coef. 0.302, s.e. 0.016) and lower in
literacy and ICT skill use.
We add country-occupation fixed effects in Column (2) to show that women
use their cognitive skills less than men of the same occupations. Panel A in
Column (2) shows that women use their numeracy skills with 0.225 standard
deviation less than men working in the same country and occupation. The
within-occupation difference is somewhat larger in literacy skill use (0.234
standard deviation) and lower in the ICT skill use (0.176 standard deviation).
The results imply that two-thirds of the raw gender gap is within occupation.
This is a surprising result as occupations are defined by the list of tasks which
the worker should carry out at their workplace.
Column (3) incorporates the full set of individual and job characteristics
including literacy and numeracy test scores. The other control variables are ed-
ucation, experience, square of experience, dummies for 1-digit industry codes,
5 firm size categories and a wide set of information on family background.
According to the results, these variables cannot explain the gender gap in skill
use either since half of the raw gender gap remains unexplained. Investigating
the coefficient of education reveals that the gender gap in skill use has a large
magnitude. Workers with one more year of education use their cognitive skills
with 0.02-0.04 standard deviation (s.e. 0.005) more. These results indicate that
conditional on occupation, one year of additional schooling corresponds to a
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much smaller increase in cognitive skill use than the gender gap.14 Finally,
Column (4) uses propensity score matching to ensure that we compare similar
men and women. Even though the sample size drops, the point estimates do
not change significantly compared to Column (3). 15
Robustness checks In Table 5, we implicitly assumed that skill use indices
are uncorrelated with each other. We test the robustness of this assumption
in Appendix Table A-4. More precisely, we estimate the gender gap in skill
for the three skill use indices together using seemingly unrelated regression
(SUR). The strength of the SUR model is that it enables correlation between
the skill use indices but we can use only those respondents for the estimation
who have all three skill use indices. In Panel A, we control for country fixed
effects, while in Panel B, we use all of the control variables (as in Table 5,
Column (3)). Reassuringly, both the point estimates and the standard errors
are similar to the results in Table 5.
As an alternative method to deal with the correlation between skill use
indices, we use the method of [44]. This method summarizes the differences
in the three skill use indices into one measure with the appropriate standard
errors. Again, the results are shown to be similar to previous results (Column
(4)).
The GPCM method used for the computation of skill use indices has strict
functional form assumptions. To investigate the robustness of these assump-
tions, Appendix Table A-5-A-7 estimate the gender gap in skill use by specific
activities. As the possible answers have an ordered scale, we use ordered logit
regression for the analysis. For the sake of simplicity, we only show the results
on the coefficient of the gender dummy. Each row represents a question in the
survey and we also labeled them with the corresponding skill use index. The
columns differ in control variables, and their structure mimics the structure
of Table 5. As expected based on the skill use indices, women do most of the
activities less often than men. Nevertheless, women use calculators more of-
ten than men and there are some activities where there is no gender gap, e.g.
writing memos or emails, or using a word processor.
Heterogeneity of the gender gap by groups We also investigate whether the
gender gap in skill use differs by groups. First, we estimate the skill use by
country. Appendix Table A-8 shows that there is significant heterogeneity
across countries. We observe the largest gender gap in skill use in Japan,
where gender inequality is traditionally large. Surprisingly, the gender gap in
skill use is also very large in Scandinavian countries (Denmark and Norway),
14 This specification over-controls for the effect of education as many occupations with
high cognitive skill use have explicit educational requirements (e.g. teachers, doctors) and
education raises cognitive test scores as well.
15 Even though the regression in Table 5 does not make use of the housework information,
we only included the sub-sample of respondents in the PIAAC survey to whom we could
match housework information. The results do not change if we include those individuals to
whom we can not match housework information. The results are available upon request.
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Table 5 Gender gap in skill use at work
(1) (2) (3) (4)
PS matching
Panel A: Numeracy skill use at work
Female -0.302*** -0.225*** -0.159*** -0.132***
(0.016) (0.018) (0.018) (0.018)
Years of education 0.023*** 0.029***
(0.004) (0.004)
Literacy test scores -0.011 0.000
(0.023) (0.022)
Numeracy test scores 0.133*** 0.120***
(0.023) (0.022)
Observations 30,263 30,263 30,263 23,826
R-squared 0.030 0.280 0.320 0.320
Panel B: Literacy skill use at work
Gender gap -0.267*** -0.234*** -0.180*** -0.166***
(0.016) (0.016) (0.017) (0.018)
Years of education 0.042*** 0.043***
(0.005) (0.005)
Literacy test scores 0.002 0.015
(0.018) (0.020)
Numeracy test scores 0.010 -0.014
(0.018) (0.021)
Observations 31,278 31,278 31,278 24,508
R-squared 0.047 0.329 0.370 0.375
Panel C: ICT skill use at work
Gender gap -0.293*** -0.176*** -0.140*** -0.119***
(0.017) (0.018) (0.017) (0.019)
Years of education 0.037*** 0.041***
(0.005) (0.006)
Literacy test scores 0.034 0.041
(0.025) (0.027)
Numeracy test scores -0.002 -0.015
(0.024) (0.027)
Observations 25,931 25,931 25,931 20,155
R-squared 0.048 0.298 0.338 0.348
Country fixed effects Yes Yes Yes Yes
Country-occup. fixed effects No Yes Yes Yes
Controls No No Yes Yes
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1. Control
variables differ by column. Column (1) controls for country fixed effects, Column (2)
controls for country-occupation fixed effects. Column (3) also controls for years of
education and standardized literacy and numeracy test scores, partner dummy, experience,
experienceˆ2, parents’ highest level of education, self-employment dummy, dummy for
having a permanent contract, dummies for 1-digit industry, 5 firm size categories, private
sector, dummy for those managing others and trust in others. Column (4) shows the results
estimated on the matched sample that uses propensity score matching (see the text for the
details). Standard errors are calculated with the jackknife method (suggested by [47]) using
80 replication weights. All of the results are calculated by using sampling weights provided
by the survey.
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which are considered some of the most gender-equal societies. In contrast,
we find the smallest gender gap in skill use at work in the post-communist
countries (Poland, Russia, Slovakia). These countries have the lowest gender
gap in numeracy and literacy skill use but an above-average gender gap in ICT
skill use.
Appendix Figure A-3 plots the gender gap in skill use by educational cat-
egories. This exercise is motivated by previous research showing large hetero-
geneity in gender wage gap by educational level [22]. We find a significant
gender gap in every educational category. Women with secondary education
experience the largest penalty in numeracy and literacy skill use compared to
men of the same educational level. This difference remains significant even if
we control for occupation, cognitive test scores, working hours and other con-
trol variables. Furthermore, women with professional degrees suffer the largest
penalty in ICT skill use, but the gap decreases once we control for worker
composition.
We do not find large heterogeneity across broad occupational categories
either. Appendix Figure A-4 shows that the gender gap is of a similar magni-
tude in all broad occupational categories.16 The only notable exceptions are
service jobs where the gender gap is larger than average in all of the skill use
measures.
Finally, we investigate the gender gap in skill use by firm size. Appendix
Figure A-5 shows that the unconditional gender gap in skill use is apparent
at every firm size but is somewhat smaller at the largest firms. This negative
relationship is robust to introducing controls for individual characteristics (e.g.
occupation and cognitive skills, working hours) and it is the most apparent in
ICT skills.
Gender differences in cognitive skills and the skill requirement of jobs It is
possible that women use their cognitive skills less than men because women
have relatively lower cognitive test scores in occupations with high cognitive
skill requirements (thus a large gender gap in actual skill use). Furthermore,
if women may have better cognitive test scores than men in occupations with
very low skill requirements (thus with a small gender gap in actual skill use),
then the cognitive test scores and the gender gap in skill use would be uncor-
related in the whole sample (as found in the data) but negatively correlated
across occupations. To rule out this scenario, Appendix Figure A-6 plots the
average skill use at work by the gender gap in skill use. Every dot displays
a specific 3-digit ISCO code. The horizontal axis shows the average gender
gap in cognitive test scores in a given occupation (a positive number means
that women in that occupation have better skills than men on average). The
vertical axis represents the average skill use in the given occupation.17 The
figure highlights that women have higher cognitive test scores than men in
occupations with high literacy skill use, but the gender gap in cognitive test
16 The categories are based on 1-digit ISCO codes.
17 For the sake of simplicity, we pool the skill use of men and women together.
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scores is uncorrelated with numeracy and ICT skill use. Based on these facts,
we conclude that the gender gap in skill use cannot be explained by the lack
of cognitive skills in highly skill-intensive occupations.
Non-cognitve skill use at work Women on average have better non-cognitive
skills than men [37]; that is why women may specialize in tasks which need
higher non-cognitive skill use and lower cognitive skill use than the tasks ful-
filled by men. If this was the main reason for the gender gap in cognitive skill
use, we would expect that women report higher non-cognitive skill use than
men.
To test this hypothesis, we estimate the gender difference in non-cognitive
skill use. The PIAAC survey has four indices measuring non-cognitive skill
use, including the planning and influencing skill use at the workplace. We re-
estimate Equation 2 using these variables in Table A-9. Column (1) in Panel B
shows that women use influencing skills with 0.246 standard deviation less than
men. Furthermore, the gap does not disappear once we control for a wide set of
other control variables (Column (2)-(3)) or if we compare only observationally
similar males and females (Column (4)). Finally, Panel A, Panel C and Panel
D show that women also use their planning and learning skills less often and
also have lower task discretion. The results remain qualitatively the same if
we use seemingly unrelated regressions and the observations only where all of
the non-cognitive skill use indices are available (Table A-10). As women use
non-cognitive skills less often than men, we conclude that specialization in
non-cognitive skill use cannot explain the lower gender gap in cognitive skill
use.
Finally, if women use their cognitive skills less only because they specialize
in non-cognitive skill use, then we expect a larger gender gap in cognitive skill
use in occupations with the highest non-cognitive skill requirements. That is
why we estimate the relationship between the non-cognitive skill requirements
of occupations and the within-occupation gender gap in cognitive skill use. We
use the importance of cooperation in the given occupation as a proxy for the
non-cognitive skill requirements of that occupation.18 Appendix Figure A-7
orders the 3-digit occupations by the importance of cooperation and plots the
gender gap in cognitive skill use in every occupation. The figure highlights that
there is no significant relationship between the cooperation skill requirements
of the occupation and the gender gap in cognitive skill use. This result also
suggests that women do not report lower cognitive skill use than men because
they over-estimate the importance of non-cognitive skill use.
Even though women report lower non-cognitive skill use than men, women
may use non-cognitive skills more intensively conditional on total (gender-
specific) skill use at work. We can test this possibility by comparing Table
A-4 Column (4) and Table A-10 Column (5). These two columns measure
the gender gap in cognitive and non-cognitve skill use with the same method
18 We use the standardized importance of cooperation measure of [50] and the crosswalk
of [30] to link the O*NET occupational categories to the 3-digit ISCO-08 codes.
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[44] and on the same scale (standardized to have mean of zero and standard
deviation of one). According to the results, the conditional gender gap is 0.175
standard deviation in cognitive skill use and 0.077 standard deviation in non-
cognitive skill use. These results mean that women indeed use non-cognitive
skills relatively more intensively conditional on total skill use.
3.1 The effect of partnership and time allocation on the gender gap in skill
use
In the previous section, we showed that the gender gap in skill use cannot
be explained by education, occupation, or by differences in literacy and nu-
meracy test scores. In this section, we investigate how partnership and gender
differences in working hours, hours spent on housework and family care con-
tribute to the gender gap in skill use. This exercise is motivated by previous
studies showing that household activities [33,21] and working hours [26] are
key drivers of the gender pay gap.
Table 6 shows the effect of living with a partner on the gender gap in
skill use at work conditional on having a partner. Here, the female dummy
shows the gender gap in skill use among single households. The ”has a partner
dummy” shows the skill use gap between men with and without a partner,
while the interaction term shows the difference in the gender gap in skill use
between partnered individuals and single individuals.
Column (1) of Panel A highlights that women without a partner use their
numeracy skills with 0.170 (s.e. 0.029) standard deviation less than single men.
Thus, the raw gender gap in numeracy skill use is significantly smaller among
people without a partner than in the whole sample (Table 5, Column (1)).
Futhermore, we do not find significant gender difference in ICT skill use among
single individuals conditional on observable characteristics. The parameter of
the partner dummy shows that men having a partner use their cognitive skills
with 0.195 (s.e. 0.023) standard deviation more than men without a partner.
The negative parameter of the interaction term means that the raw gender
gap among partnered individuals is with 0.189 standard deviation (s.e. 0.031)
larger than among single individuals. Finally, women having a partner use their
numeracy skills with 0.195-0.189=0.006 standard deviation more than single
women. This difference is not significant either in economic or statistical sense.
Turning to literacy and ICT skill use, we see similar patterns but the effect
of having a partner on women’s skill use is much larger. According to these
results, men having a partner use their cognitive skills more at the workplace
than single men, but we do not observe such a difference among women.
The effect of having a partner decreases if we control for gender differences
in occupation (Column (2)), or add a wide set of control variables including test
scores (Column (3)). Still, the results are qualitatively the same, the gender
gap in skill use is much lower among single individuals. What is more, we do
not find a significant difference among single men and women in ICT skill use
if we control for differences in observable characteristics. Similarly, it is only
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Table 6 The effect of partnership on the gender gap
(1) (2) (3) (4)
PS matching
Panel A: Numeracy skill use at work
Female -0.170*** -0.136*** -0.089*** -0.077**
(0.029) (0.025) (0.026) (0.030)
Has a partner 0.195*** 0.120*** 0.087*** 0.077***
(0.023) (0.021) (0.023) (0.027)
Partner*Female -0.189*** -0.123*** -0.096*** -0.076**
(0.031) (0.028) (0.028) (0.032)
Observations 29,938 29,938 29,938 23,604
R-squared 0.035 0.283 0.322 0.322
Panel B: Literacy skill use at work
Female -0.040 -0.122*** -0.102*** -0.101***
(0.032) (0.025) (0.026) (0.031)
Has a partner 0.315*** 0.157*** 0.092*** 0.081**
(0.030) (0.026) (0.031) (0.034)
Partner*Female -0.309*** -0.157*** -0.113*** -0.095**
(0.041) (0.035) (0.034) (0.039)
Observations 30,955 30,955 30,955 24,288
R-squared 0.055 0.332 0.374 0.381
Panel C: ICT skill use at work
Female -0.133*** -0.061** -0.039 -0.003
(0.032) (0.029) (0.028) (0.031)
Has a partner 0.223*** 0.148*** 0.160*** 0.152***
(0.033) (0.028) (0.033) (0.037)
Partner*Female -0.221*** -0.168*** -0.157*** -0.180***
(0.039) (0.035) (0.034) (0.045)
Observations 25,701 25,701 25,701 20,004
R-squared 0.054 0.304 0.342 0.355
Country fixed effects Yes Yes Yes Yes
Country-occup. fixed effects No Yes Yes Yes
Other for job characteristics No No Yes Yes
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1. Control
variables differ by column. Column (1) controls for country fixed effects, Column (2)
controls for country-occupation fixed effects. Column (3) also controls for years of
education and standardized literacy and numeracy test scores, partner dummy, experience,
experienceˆ2, parents’ highest level of education, self-employment dummy, dummy for
having a permanent contract, dummies for 1-digit industry, 5 firm size categories, private
sector, dummy for those managing others and trust in others. Column (4) shows the results
estimated on the matched sample that uses propensity score matching (see the text for the
details). Standard errors are calculated with the jackknife method (suggested by [47]) using
80 replication weights. All of the results are calculated by using sampling weights provided
by the survey.
men with partners and not women with partners that use their cognitive skills
more than their single counterparts.
The division of housework between partners can be a crucial channel through
which partnerships affect labor market outcomes. That is why we re-estimate
Table 6 conditional on the actual hours worked at the workplace and segment-
level average hours spent on housework and family care.
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Table 7 The effect of time allocation on the gender gap
(1) (2) (3) (4)
PS matching
Panel A: Numeracy skill use at work
Female -0.098*** -0.111*** -0.071*** -0.059**
(0.028) (0.024) (0.025) (0.030)
Has a partner 0.150*** 0.090*** 0.074*** 0.065**
(0.023) (0.022) (0.024) (0.028)
Partner*Female -0.030 -0.055 -0.052 -0.024
(0.042) (0.037) (0.036) (0.036)
Hours worked 0.012*** 0.010*** 0.008*** 0.009***
(0.001) (0.001) (0.001) (0.001)
Hours spent on housework -0.016*** -0.004 -0.002 -0.002
(0.002) (0.002) (0.002) (0.003)
Hours spent on family care 0.003*** 0.002** 0.001 0.001
(0.001) (0.001) (0.001) (0.001)
Observations 29,938 29,938 29,938 23,604
R-squared 0.066 0.298 0.331 0.333
Panel B: Literacy skill use at work
Female 0.060* -0.088*** -0.077*** -0.078**
(0.031) (0.025) (0.025) (0.030)
Has a partner 0.270*** 0.127*** 0.078** 0.065*
(0.030) (0.026) (0.031) (0.034)
Partner*Female -0.089** -0.069* -0.053 -0.034
(0.044) (0.040) (0.040) (0.045)
Hours worked 0.014*** 0.012*** 0.011*** 0.011***
(0.001) (0.001) (0.001) (0.001)
Hours spent on housework -0.024*** -0.005** -0.003 -0.003
(0.002) (0.002) (0.002) (0.002)
Hours spent on family care 0.003*** 0.001 0.001 0.002
(0.001) (0.001) (0.001) (0.001)
Observations 30,955 30,955 30,955 24,288
R-squared 0.101 0.354 0.389 0.397
Panel C: ICT skill use at work
Female -0.058* -0.025 -0.011 0.020
(0.032) (0.028) (0.028) (0.032)
Has a partner 0.193*** 0.125*** 0.152*** 0.146***
(0.032) (0.028) (0.033) (0.036)
Partner*Female -0.041 -0.064* -0.079** -0.106**
(0.038) (0.035) (0.035) (0.044)
Hours worked 0.011*** 0.011*** 0.009*** 0.009***
(0.001) (0.001) (0.001) (0.001)
Hours spent on housework -0.019*** -0.009*** -0.007*** -0.005*
(0.002) (0.002) (0.002) (0.002)
Hours spent on family care -0.000 0.001 -0.000 -0.000
(0.002) (0.001) (0.001) (0.001)
Observations 25,701 25,701 25,701 20,004
R-squared 0.083 0.320 0.353 0.368
Country fixed effects No Yes Yes Yes
Country-occup. fixed effects Yes Yes Yes Yes
Other for job characteristics No No Yes Yes
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1. Control
variables differ by column. Column (1) controls for country fixed effects, Column (2)
controls for country-occupation fixed effects. Column (3) also controls for years of
education and standardized literacy and numeracy test scores, partner dummy, experience,
experienceˆ2, parents’ highest level of education, self-employment dummy, dummy for
having a permanent contract, dummies for 1-digit industry, 5 firm size categories, private
sector, dummy for those managing others and trust in others. Column (4) shows the results
estimated on the matched sample that uses propensity score matching (see the text for the
details). Standard errors are calculated with the jackknife method (suggested by [47]) using
80 replication weights. All of the results are calculated by using sampling weights provided
by the survey.
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Column (1) in Table 7 shows that one additional hour worked at the
workplace increases numeracy skill use with 0.012 standard deviation while
spending one additional hour housework is associated with a 0.016 standard
deviation decrease in numeracy skill use at work. The effect is even larger in
case of literacy skill use (-0.024 standard deviation) and ICT skill use (-0.019
standard deviation). The coefficients are somewhat smaller once we control
for country-occupation fixed effects (Column (2)), or include a wide set of job
characteristics in Column (3). The results are also robust to restricting the
sample only to observationally comparable men and women (Column (4)). In
contrast, the hours spent on family care have a much lower effect on skill use
at the workplace. What is more, the parameters of family care are significantly
positive in some specifications.
Turning to the gender gap in skill use, the gender penalty of having a
partner decreases compared to Table 6, once we control for time allocation
individual. The interaction of female and partnership is not significant in the
case of numeracy skill use and literacy skill use and halves in the case of
ICT skill use at work (see Column 3). The reason for the drop in the gender
penalty compared to Table 6 is that partnered women do much more house-
work than partnered men (see Table 4) and there is a negative relationship
between housework and skill use at work. The gender gap in skill use among
single individuals decreased also somewhat after controlling for time allocation
compared to Table 6. Based on these results, we conclude that the unequal
division of housework plays a key role in the gender gap in skill use at work
among partnered individuals.
Gender differences in preferences It is possible that it is not the partnership
status but the individual preferences toward skill use that decrease the skill
use at work and increase the housework hours of partnered women. In other
words, partnered women may prefer to use skills less than single women. Sim-
ilarly, partnered women may do more housework than single women because
they dis-prefer housework less. If this was the main mechanism then (i) the
skill use penalty of partnered women would disappear once we control for pref-
erences (ii) housework would not affect skill use at work conditional on skill
use preferences.
As we cannot observe preferences directly, we proxy them with cognitive
skill use in leisure time. We assume that individuals prefer to use skills more
if they use their cognitive skills more in their leisure time.19
The results are presented in Table A-11. Columns (1) and (2) show that
partnered women use cognitive skills less than men even conditional on skill
use in leisure time. Furthermore, Column (3) and (4) reveal that the gender
gap among partnered women decreases if we include housework hours into the
19 The actual differences in skill use in leisure time over-control for the effect of housework
and the gender gap in skill use at work. First, we only observe the segment level average of
housework but we observe the actual individual skill use in leisure time [16]. Second, there
may be reserve causality if skill use at leisure time and at the workplace are complement
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regression. Based on these estimates, we concluded that it is not the differences
in skill use preferences that drive our main results.
3.2 Statistical discrimination against women
In this section, we investigate whether statistical discrimination against women
can explain their lower skill use. The idea is that the employer has discrim-
inative assumptions about certain characteristics of women and that is why
they assign less skill-intensive tasks to them. The first discriminative assump-
tion we test is that employers assume that women have inferior cognitive skills
compared to men. The second type of discrimination we investigate is based
on the fertility rate of specific cohorts. This exercise is motivated by recent
studies showing that women who have higher fertility rates based on their
education, age, and marital status earn less [62,38] and are less likely to be
hired for part-time jobs [12].
Discriminative assumptions about cognitive skills [2] studied this issue and
found that employers cannot observe individual skills at the beginning of their
workers’ career, but firms can learn over time and get information about in-
dividual skills. As a consequence, firms discriminate less and less over time
based on easily observable characteristics. It follows from their argument that
cognitive skills have an increasing effect on skill use at work as time goes on,
while easily observable characteristics (e.g. gender) have a decreasing effect.
We can also formalize the argument and estimate the following regression:
yi = β0+β1∗femalei+β2∗femalei∗expi+β3∗skilli+β4∗skilli∗expi+γ∗Xi+ui
(3)
As in Equation 2, the dependent variable is cognitive skill use at work.
Exp denotes the labor market experience of workers while skilli denotes the
cognitive test scores. If women are discriminated against because they are
assumed to have lower skills, then β4 is positive and β2 increases once we add
β4 to the regression [2].
The estimation results are shown in Table 8. Contrary to the predictions
of this mechanism, the effect of skills does not increase with experience. The
interaction of the test score is never significant at the 5 percent level and
the point estimates are very close to zero (ten years of experience would in-
crease the effect of the numeracy test score on numeracy skill use at work by
0.03 standard deviation).20 Furthermore, the gender gap in skill use does not
decrease faster once we control for the dynamic effects of cognitive skills. We
conclude that women are not assigned tasks requiring lower skills because they
are assumed to have inferior skills.
20 Another possibility is that firms do not learn about the skills of individuals. However,
this conclusion would be in strong contrast with previous literature on employer learning
[43,53,6,52].
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Table 8 Discriminative assumptions about cognitive skills
(1) (2) (3) (4) (5) (6)
Numeracy skill use Literacy skill use ICT skill use
Years of educ. 0.053*** 0.053*** 0.119*** 0.119*** 0.076*** 0.076***
(0.003) (0.003) (0.004) (0.004) (0.004) (0.004)
Female -0.229*** -0.240*** -0.174*** -0.184*** -0.279*** -0.286***
(0.030) (0.031) (0.027) (0.028) (0.034) (0.035)
Experience 0.000 0.001 -0.001 -0.001 0.002 0.002
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Female*exp. 0.002 0.001 0.008*** 0.007*** 0.000 -0.000
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Numeracy test 0.211*** 0.156*** 0.062*** 0.010 0.076*** 0.043
(0.030) (0.037) (0.021) (0.042) (0.026) (0.043)
Num. test*exp. 0.003* 0.003* 0.002
(0.002) (0.002) (0.002)
Literacy test -0.020 0.009 0.035 0.055 0.064** 0.080*
(0.032) (0.039) (0.021) (0.041) (0.026) (0.043)
Lit. test*exp. -0.002 -0.001 -0.001
(0.002) (0.002) (0.002)
Observations 30,263 30,263 31,277 31,277 25,931 25,931
R-squared 0.103 0.103 0.183 0.184 0.112 0.113
The table shows the point estimates for Equation 3. The dependent variables are shown at
the top of the column. We follow the strategy of [2] and we do not use additional controls
except the country dummies. Standard errors are calculated with the jackknife method
(suggested by [47]) using 80 replication weights. All of the results are calculated by using
sampling weights provided by the survey.
Discrimination based on expected rate of childbirth Some employers may offer
less skill-intensive tasks to workers who are expected to stay with the firm
for a shorter period of time. As a consequence, employers may discriminate
against women because they are more likely to exit the firm for maternity
leave. To test this hypothesis, we organize workers in labor market segments
by country, education and age, and merge the segment-specific birth rates from
the Human Fertility Database [34].21 Using the merged database, we run the
following regression:
yi = β0+β1∗femalei+β2∗fertilltyc+β3∗femalei∗fertilltyc+γ∗Xi +ui (4)
Again, the left hand-side variables are the skill use indices at work. Fertilityc
denotes country-education-age specific birth rates, while Xi are the same con-
trol variables as in Equation 2. The parameter of fertilityc measures the effect
of women’s fertility rate on men in the same demographic segment.22 This pa-
rameter can even be positive if firms allocate the skill-intensive tasks from
21 Note: The age specific fertility rate differs country by country and educational level;
that is why it is not sufficient to examine the age specific gender gap in skill use.
22 As the fertility rate is defined for women only, we merge women’s fertility by country-
education-age to the data. E.g. in the case of a 27-year-old Italian man with a university
degree, this parameter shows the effect of the fertility rate of a similar Italian woman (27-
year-old, with a university degree).
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Table 9 The effect of birth rate on the gender gap in skill use
(1) (2) (3) (4) (5) (6)
Numeracy skill use Literacy skill use ICT skill use
Female -0.311*** -0.140*** -0.353*** -0.193*** -0.335*** -0.163***
(0.028) (0.027) (0.025) (0.027) (0.024) (0.027)
Fertility rate 0.521 1.133*** -1.663*** 1.409*** 0.407 1.055***
(0.366) (0.371) (0.367) (0.428) (0.393) (0.380)
Fertility rate* -0.194 -0.823** 0.980* -0.679 1.785*** 0.852*
Female (0.522) (0.404) (0.498) (0.485) (0.493) (0.465)
Controls Yes Yes Yes
Observations 21,130 21,130 21,130 21,130 21,130 21,130
R-squared 0.025 0.223 0.028 0.207 0.022 0.273
Notes: The table shows the point estimates for Equation 4. The dependent variables are
shown at the top of the column. The control variables are the same as in Table 5: partner
dummy, child dummy, years of education, experience, experienceˆ2, numeracy and literacy
test scores, occupation categories (ISCO 3-digit), country fixed effects, parents’ highest level
of education and parents’ immigration status, dummy for full time work, self-employment
dummy, dummy for having a permanent contract, dummies for 1-digit industry, 5 firm
size categories, private sector. Standard errors are calculated with the jackknife method
(suggested by [47]) using 80 replication weights. All of the results are calculated by using
sampling weights provided by the survey.
women to men more in higher fertility rate segments.23 Our main variable of
interest is β3, which is negative if women of a larger fertility rate cohort are
assigned less skill-intensive tasks. We consider this parameter as the measure
of statistical discrimination, as it shows the effect of the average behavior of
the labor market segment on individual outcomes.
The point estimates for Equation 4 show mixed results (Table 9). The
estimated effect of women’s fertility rate on men (β2) varies a lot between
the skill use indices and they are highly sensitive to the inclusion of control
variables, but are mostly positive. As the average fertility rate in our sample
is 0.03, the estimated parameters seem to have a very low effect on the skill
use of men.
Turning to the main variable of interest, Column (2) shows that the fer-
tility rate decreases the numeracy skill use of women compared to men of the
same age and educational level. Again, the point estimates are low, as the
gender gap in skill use would decrease only by 0.823*0.03=0.024 if the birth
rate decreased to zero. Moreover, Column (4) reveals that the birth rate does
not decrease the literacy skill use of women significantly. The point estimate
is negative but statistically not different from zero ( coef. -0.679 s.e 0.485).
Finally, we do not find a significant negative relationship between the fertility
rate and ICT skill use of women (coeff 0.852 s.e. 0.465) even if we control for
individual characteristics in Column (6). Based on these results, we conclude
that discrimination based on cohort-specific fertility rates cannot explain the
gender gap in skill use.
23 This may be the case if old and young workers of the same educational level are not
perfect substitutes [17], but women and men of the same age and skills are close substitutes.
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4 Discussion
In this section, we discuss the possible mechanisms which lead to negative cor-
relation between housework and skill use at workplace and to a larger gender
penalty in skill use among partnered individuals.
Individuals may have a capacity constraint on effort and they have to
divide their effort between housework and using skills at the workplace. In
other words, individuals who exert high effort at the workplace cannot devote
high effort to housework as well. E.g. workers doing a lot of overtime at the
workplace have less time to spend on housework. Similarly, individuals doing a
lot of housework can use their cognitive skills less at the workplace. In line with
this explanation, partners are shown to divide housework duties unequally.
Table 4 shows, that the gender difference in housework hours is much smaller
among single people than among people who live with a partner.
Several channels can lead simultaneously to the unequal division of house-
work. The most widespread explanation says that individuals disprefer doing
housework and that is why partners bargain about its allocation. As men usu-
ally earn more than women, they have stronger bargaining power and end up
doing less housework [13,10]. However, other papers frame [11,32] the division
of housework as a matter of specialization. They argue that specialization in
specific tasks (housework or work at the workplace) increases marginal produc-
tivity and broadens the Pareto frontier of the household. In this framework,
women do more housework to improve the total utility of the household and
not because of bargaining constraints. If bargaining caused the unequal divi-
sion of housework, then women would prefer to do less housework than they
actually do while if specialization is the main reason, then women are at the
optimum and they do not prefer an alternative division. The third explanation
of the unequal division of housework is the “doing gender” hypothesis [3,41,
42,54]. This hypothesis says that it is the social norms which force women to
do more housework. Thus, ceteris paribus, women do more housework than
men because society expects them to do so independently from their individual
or household characteristics.
Finally, it is possible that it is not the interactions among partners per
se that affects the gender gap in skill use but rather having children alters
the equal division of housework within a partnership. In line with this, having
children is shown to be a key driver of gender inequality [5,40].
We investigate this mechanism in Table A-12. In these regressions, we
control for partnership status and time allocation of the respondents. If having
children is the main driver of the gender gap in skill use at work, then we expect
a negative parameter for the interaction for female and children. The negative
parameter means that women with children use their cognitive skills less than
men with children even conditional on partnership status and condition on
housework. As opposed to this, Table A-12 shows no significant parameter in
any of the skill use indices once we control for occupation as well.
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5 Conclusion
Although a large body of empirical literature documents the gender differ-
ences prevailing on the labor market, we know much less about what people
actually do at their workplace and what causes the within-occupation gender
differences. To the best of our knowledge, we are the first to document within-
occupation differences in skill use and to examine the underlying mechanisms
at the same time.
By using an international survey (PIAAC - Programme for the Interna-
tional Assessment of Adult Competencies) that provides detailed information
on tasks performed during work, we found that women report significantly
lower levels of numeracy and computer skill usage, and they also read and write
significantly less at the workplace than men. This finding is robust against tak-
ing into account composition effects (demographic and firm characteristics,
different levels of education, and experience) and controlling for differences in
cognitive test scores. Conversely, we find that women living in partnership use
their cognitive skills less than men with partners.
We argue that the unequal division of housework is an important con-
founder of the results. Women living in partnership do more housework than
single women. However, living with a partner has a much weaker effect on skill
use of women conditional on housework. In our interpretation, these results
mean that workers have to divide their effort between housework and skill use
at work. Furthermore, women living in a partnership increase their effort spent
on housework at the cost of lower skill use at work. We also showed that indi-
vidual preferences toward skill use cannot explain the empirical findings and
we do not find evidence of statistical discrimination in task allocation either.
Finally, our results imply that the division of housework has an effect
on labor market outcomes, therefore, policies which aim to decrease gender
segregation between occupations cannot fully eliminate gender differences on
the labor market. However, further research is needed to explain why women
in a partnership and single women with children put in more housework hours
compared to men and single women without children.
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Appendix
Table A-1 The construction of skill use indices
Cognitive skill use indices Non-cognitive skill use indices
Index of use of numeracy skills at work Index of use of planning skills at work
How often - Calculating costs or budgets How often - Planning own activities
How often - Use or calculate fractions or percentages How often - Planning others’ activities
How often - Use a calculator How often - Organizing own time
How often - Prepare charts, graphs or tables
How often - Use simple algebra or formulas Index of use of influencing skills at work
How often - Use advanced math or statistics How often - Teaching people
How often - Presentations How often - Presentations
How often - Advising people
Index of use of writing skills at work How often - Planning others’ activities
How often - Write letters memos or mails How often - Influencing people
How often - Write articles How often - Negotiating with people
How often - Write reports
How often - Fill in forms Index of learning at work
How often - Learning from co-workers/supervisors
Index of use of reading skills at work How often - Learning - Learning-by-doing
How often - Read directions or instructions How often - Learning - Keeping up to date
How often - Read letters memos or mails
How often - Read newspapers or magazines Index of use of task discretion at work
How often - Read professional journals or publications Work flexibility - Sequence of tasks
How often - Read books Work flexibility - How to do the work
How often - Read manuals or reference materials Work flexibility - Speed of work
How often - Read financial statements Work flexibility - Working hours
How often - Read diagrams maps or schematics
Index of use of ICT skills at work
How often - For mail
How often - Work related info
How often - Conduct transactions
How often - Spreadsheets
How often - Real-time discussions
How often - word processor e.g. Word
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Table A-2 Descriptive statistics of the main variables for unemployed people
Variable Male Female Difference t-stat
Experience (year) 13,81 11,89 -1,91 -3,30
0,41 0,41
Years of education 11,01 11,90 0,89 5,01
0,13 0,12
Share of those who have children 0,10 0,13 0,04 2,33
under age of 18 0,01 0,01
Native 0,78 0,80 0,02 0,96
0,02 0,01
Average numeracy test score* 0,02 -0,02 -0,04 -0,78
0,04 0,03
Average literacy test scor* -0,03 0,03 0,06 1,45
0,04 0,03
Obs. 2,481 2,558
Standardized test score with a mean of 0 and a variance of 1. The standardization was made
within the unemployed sample.
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Table A-3 Sensitivity analysis - Replication of the results on the matched sample
(1) (2) (3)
Numeracy Literacy ICT
skill use at work
Panel A: Replication of Table 5, Column 4
Female -0.144*** -0.169*** -0.141***
(0.019) (0.017) (0.019)
Years of education 0.022*** 0.037*** 0.033***
(0.005) (0.006) (0.007)
Literacy test scores -0.008 -0.001 0.052*
(0.027) (0.021) (0.029)
Numeracy test scores 0.126*** 0.013 -0.018
(0.029) (0.020) (0.028)
Observations 20,733 21,115 17,476
R-squared 0.318 0.381 0.344
Panel B: Replication of Table 6, Column 4
Female -0.082** -0.087*** -0.034
(0.032) (0.033) (0.035)
Has a partner 0.093*** 0.104*** 0.181***
(0.029) (0.040) (0.040)
Partner*Female -0.094** -0.120*** -0.171***
(0.038) (0.043) (0.045)
Observations 20,553 20,933 17,352
R-squared 0.321 0.386 0.347
Panel C: Replication of Table 7, Col 4
Female -0.064** -0.068** -0.009
(0.031) (0.031) (0.036)
Has a partner 0.078*** 0.083** 0.171***
(0.030) (0.039) (0.040)
Partner*Female -0.033 -0.054 -0.096**
(0.043) (0.048) (0.047)
Hours worked 0.008*** 0.011*** 0.008***
(0.001) (0.001) (0.001)
Hours spent on housework -0.003 -0.003 -0.006**
(0.002) (0.002) (0.003)
Hours spent on family care -0.000 0.001 -0.000
(0.001) (0.001) (0.001)
Observations 20,553 20,933 17,352
R-squared 0.331 0.402 0.357
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1. The table
shows the sensitivity on confounders of the matching. We estimate the propensity scores
by using logit model. We extend the set of control variables used in the main analysis
(the age, years of education, literacy and numeracy test scores), with a self-employment
dummy, dummy for having a permanent contract,dummies for 1-dgit industry, 5 firm size
categories, private sector dummy. Panel A is a replication of Table 5, Column (4), Pane B
is a replication of Table 6, Column (4) and Panel C is a replication of Table 7, Column (4).
We include occupation-country fixed effects and we also controls for years of education and
standardized literacy and numeracy test scores, partner dummy, experience, experienceˆ2,
parents’ highest level of education, self-employment dummy, dummy for having a permanent
contract, dummies for 1-digit industry, 5 firm size categories, private sector, dummy for
those managing others and trust in others. Standard errors are calculated with the jackknife
method (suggested by [47]) using 80 replication weights. All of the results are calculated by
using sampling weights provided by the survey.
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Table A-4 Gender gap in skill use at work - seemingly unrelated regressions
(1) (2) (3) (4)
Seemingly Unrelated Regression
Numeracy Literacy ICT skill Mean effect
Panel A: without controls
Gender gap -0.322*** -0.242*** -0.271*** -0.263***
(0.013) (0.011) (0.013) (0.009)
Observations 23,762 23,762 23,762 23,762
R-squared 0.035 0.050 0.052
Country fixed effects Yes Yes Yes Yes
Counry-occup. fixed effects No No No No
Controls No No No No
Panel B: with controls
Gender gap -0.193*** -0.177*** -0.126*** -0.175***
(0.014) (0.011) (0.013) (0.009)
Observations 23,762 23,762 23,762 23,762
R-squared 0.210 0.209 0.279
Country fixed effects Yes Yes Yes Yes
Counry-occup. fixed effects Yes Yes Yes Yes
Controls Yes Yes Yes Yes
Other for job characteristics Yes Yes Yes Yes
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1.The table
reproduces Table 5 on the subsample where every skill use index is observed. Columns (1)-
(3) estimate the gender gap in skill use jointly for the three skill use indices with seemingly
unrelated regression. Column (4) estimates the mean gender difference with the method of
[44]. Panel A controls only for country fixed effects while Panel B uses all controls as in
Table 5, Column (3). Table A-4 shows that the results do not change significantly if we
consider only those respondents for whom every skill use index is available.
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Table A-5 Gender gap in specific activities - Numeracy skill use at work
(1) (2) (3) (4)
PS matching
How often do you...
calculate costs or budgets?
Female -0.163*** -0.270*** -0.159*** -0.142***
(0.030) (0.035) (0.040) (0.045)
Observations 33,692 33,692 33,691 26,446
use or calculate fractions or percentages?
Female -0.560*** -0.474*** -0.323*** -0.277***
(0.036) (0.038) (0.039) (0.046)
Observations 33,687 33,687 33,686 26,430
use a calculator?
Female -0.081** 0.005 0.117*** 0.174***
(0.034) (0.035) (0.039) (0.045)
Observations 33,693 33,693 33,692 26,434
prepare charts graphs or tables?
Female -0.626*** -0.444*** -0.307*** -0.298***
(0.026) (0.040) (0.044) (0.046)
Observations 33,692 33,692 33,691 26,438
use simple algebra or formulas?
Female -0.611*** -0.455*** -0.335*** -0.323***
(0.036) (0.042) (0.044) (0.048)
Observations 33,684 33,684 33,683 26,430
use advanced math or statistics?
Female -1.001*** -0.754*** -0.632*** -0.672***
(0.042) (0.053) (0.059) (0.065)
Observations 33,684 33,684 33,683 26,432
Country fixed effects Yes Yes Yes Yes
Country*occupation fixed effects No Yes Yes Yes
Controls No No Yes Yes
Matched sample No No No Yes
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1. Control
variables differ by column. Column (1) controls for country fixed effects, Column (2)
controls for country-occupation fixed effects. Column (3) also controls for years of
education and standardized literacy and numeracy test scores, partner dummy, experience,
experienceˆ2, parents’ highest level of education, self-employment dummy, dummy for
having a permanent contract, dummies for 1-digit industry, 5 firm size categories, private
sector, dummy for those managing others and trust in others. Column (4) shows the results
estimated on the matched sample that uses propensity score matching (see the text for the
details). Standard errors are calculated with the jackknife method (suggested by [47]) using
80 replication weights. All of the results are calculated by using sampling weights provided
by the survey.
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Table A-6 Gender gap in specific activities - Literacy skill use at work
(1) (2) (3) (4)
PS matching
How often do you...
read directions or instructions?
Female -0.303*** -0.216*** -0.179*** -0.156***
(0.033) (0.034) (0.035) (0.043)
Observations 31,173 31,173 31,172 24,382
read letters, memos or emails?
Female -0.329*** -0.151*** -0.026 -0.040
(0.031) (0.042) (0.052) (0.057)
Observations 31,185 31,185 31,184 24,382
read articles, magazines or newspapers?
Female -0.452*** -0.480*** -0.371*** -0.345***
(0.038) (0.040) (0.039) (0.045)
Observations 31,182 31,182 31,181 24,378
read articles in professional journals?
Female -0.405*** -0.449*** -0.343*** -0.349***
(0.036) (0.040) (0.041) (0.043)
Observations 31,180 31,180 31,179 24,382
read books?
Female -0.246*** -0.394*** -0.312*** -0.291***
(0.038) (0.041) (0.041) (0.044)
Observations 31,181 31,181 31,180 24,380
read manuals or reference materials?
Female -0.351*** -0.289*** -0.226*** -0.204***
(0.029) (0.034) (0.038) (0.038)
Observations 31,179 31,179 31,178 24,372
read bank statements or financial statements?
Female -0.029 -0.156*** -0.026 -0.042
(0.025) (0.028) (0.031) (0.035)
Observations 31,178 31,178 31,177 24,380
read diagrams, maps or schematics?
Female -1.000*** -0.772*** -0.663*** -0.626***
(0.030) (0.038) (0.038) (0.045)
Observations 31,185 31,185 31,184 24,382
write letters, memos or emails?
Female -0.174*** -0.046 0.058 0.042
(0.032) (0.040) (0.044) (0.048)
Observations 31,186 31,186 31,185 24,384
write articles in newspapers, magazins or newsletters?
Female -0.238*** -0.237*** -0.143** -0.128**
(0.047) (0.058) (0.058) (0.061)
Observations 31,185 31,185 31,184 24,380
write reports?
Female -0.361*** -0.301*** -0.264*** -0.246***
(0.034) (0.032) (0.032) (0.032)
Observations 31,177 31,177 31,176 24,382
fill in forms?
Female -0.055 -0.137*** -0.120** -0.107**
(0.034) (0.044) (0.047) (0.045)
Observations 31,175 31,175 31,174 24,384
Country fixed effects Yes Yes Yes Yes
Country*occupation fixed effects No Yes Yes Yes
Controls No No Yes Yes
Matched sample No No No Yes
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1. Control
variables differ by column. Column (1) controls for country fixed effects, Column (2)
controls for country-occupation fixed effects. Column (3) also controls for years of
education and standardized literacy and numeracy test scores, partner dummy, experience,
experienceˆ2, parents’ highest level of education, self-employment dummy, dummy for
having a permanent contract, dummies for 1-digit industry, 5 firm size categories, private
sector, dummy for those managing others and trust in others. Column (4) shows the results
estimated on the matched sample that uses propensity score matching (see the text for the
details). Standard errors are calculated with the jackknife method (suggested by [47]) using
80 replication weights. All of the results are calculated by using sampling weights provided
by the survey.
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Table A-7 Gender gap in specific activities - ICT skill use at work
(1) (2) (3) (4)
PS matching
How often do you...
use email?
Female -0.551*** -0.301*** -0.181*** -0.125**
(0.040) (0.037) (0.051) (0.053)
Observations 25,906 25,906 25,906 19,924
use the internet to understand issues related to your work?
Female -0.398*** -0.334*** -0.273*** -0.214***
(0.041) (0.047) (0.045) (0.044)
Observations 25,903 25,903 25,903 19,926
conduct transactions on the Internet?
Female -0.232*** -0.210*** -0.136*** -0.152***
(0.032) (0.038) (0.042) (0.046)
Observations 25,900 25,900 25,900 19,928
use spreadheet programs, e.g. Excel?
Female -0.509*** -0.352*** -0.288*** -0.292***
(0.036) (0.044) (0.049) (0.050)
Observations 25,900 25,900 25,900 19,918
use a text processor, e.g. Word?
Female -0.102*** -0.102** -0.013 0.021
(0.030) (0.041) (0.048) (0.049)
Observations 25,900 25,900 25,900 19,930
participate in real-time discussions on the Internet?
Female -0.775*** -0.471*** -0.434*** -0.411***
(0.043) (0.052) (0.058) (0.066)
Observations 25,900 25,900 25,900 19,914
Country fixed effects Yes Yes Yes Yes
Country*occupation fixed effects No Yes Yes Yes
Controls No No Yes Yes
Matched sample No No No Yes
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1. Control
variables differ by column. Column (1) controls for country fixed effects, Column (2)
controls for country-occupation fixed effects. Column (3) also controls for years of
education and standardized literacy and numeracy test scores, partner dummy, experience,
experienceˆ2, parents’ highest level of education, self-employment dummy, dummy for
having a permanent contract, dummies for 1-digit industry, 5 firm size categories, private
sector, dummy for those managing others and trust in others. Column (4) shows the results
estimated on the matched sample that uses propensity score matching (see the text for the
details). Standard errors are calculated with the jackknife method (suggested by [47]) using
80 replication weights. All of the results are calculated by using sampling weights provided
by the survey.
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Table A-8 Gender gap in skill use by country
(1) (2) (3)
Numeracy skill use Literacy skill use ICT skill us
Czech Republic -0.046 -0.225*** -0.027
(0.077) (0.065) (0.069)
Observations 2,424 2,275 1,898
R-squared 0.387 0.473 0.378
Denmark -0.267*** -0.193*** -0.181***
(0.046) (0.044) (0.040)
Observations 3,347 3,646 3,390
R-squared 0.331 0.321 0.361
France -0.179*** -0.190*** -0.029
(0.036) (0.029) (0.037)
Observations 2,690 2,937 2,413
R-squared 0.285 0.352 0.335
Great Britain -0.198*** -0.163*** -0.094*
(0.049) (0.041) (0.050)
Observations 3,441 3,790 3,257
R-squared 0.315 0.435 0.350
Germany -0.172*** -0.225*** -0.077
(0.054) (0.045) (0.048)
Observations 2,512 2,626 2,161
R-squared 0.352 0.408 0.376
Japan -0.241*** -0.227*** -0.237***
(0.038) (0.045) (0.047)
Observations 2,693 2,745 2,167
R-squared 0.344 0.341 0.347
Republic of Korea -0.140*** -0.119*** -0.092*
(0.037) (0.043) (0.048)
Observations 2,783 2,612 2,159
R-squared 0.293 0.328 0.319
Norway -0.362*** -0.271*** -0.195***
(0.040) (0.040) (0.034)
Observations 2,365 2,612 2,417
R-squared 0.338 0.366 0.484
Poland -0.103** -0.098* -0.140**
(0.049) (0.053) (0.060)
Observations 2,739 2,683 2,067
R-squared 0.346 0.446 0.380
Russian Federation 0.044 -0.066 -0.137***
(0.085) (0.069) (0.052)
Observations 1,314 1,367 1,008
R-squared 0.339 0.299 0.317
Slovak Republic -0.064 -0.097* 0.009
(0.054) (0.050) (0.052)
Observations 2,044 2,073 1,489
R-squared 0.322 0.424 0.311
Spain -0.171*** -0.268*** -0.257***
(0.050) (0.049) (0.053)
Observations 1,911 1,911 1,505
R-squared 0.321 0.440 0.354
Notes: The columns show the gender gap by skill use indices. Every row contains regressions
for the given country. Every regression controls for years of education and standardized liter-
acy and numeracy test scores, for partner dummy, experience, experienceˆ2, occupation cat-
egories (ISCO 3-digit), parents’ highest level of education, self-employment dummy, dummy
for having a permanent contract, dummies for 1-digit industry, 5 firm size categories, pri-
vate sector and our trust measure. Standard errors are calculated with the jackknife method
(suggested by [47]) using 80 replication weights. All of the results are calculated by using
sampling weights provided by the survey. Standard errors are in parentheses *** p < 0.01,
** p < 0.05, * p < 0.1.
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Table A-9 Non-cognitive skill use at work
(1) (2) (3) (4)
PS matching
Panel A: use of planning skills at work
Gender gap -0.180*** -0.130*** -0.041** -0.021
(0.016) (0.017) (0.017) (0.016)
Years of education 0.015*** 0.016***
(0.004) (0.004)
Literacy test scores 0.022 0.024*
(0.014) (0.014)
Numeracy test scores 0.042*** 0.037**
(0.015) (0.017)
Observations 36,798 36,798 36,798 28,997
R-squared 0.068 0.254 0.339 0.349
Panel B: use of influencing skills at work
Gender gap -0.246*** -0.236*** -0.151*** -0.136***
(0.022) (0.021) (0.019) (0.017)
Years of education 0.025*** 0.027***
(0.004) (0.005)
Literacy test scores -0.039** -0.031
(0.018) (0.020)
Numeracy test scores 0.063*** 0.048**
(0.018) (0.022)
Observations 32,890 32,890 32,830 25,814
R-squared 0.040 0.309 0.398 0.402
Panel C: use of task discretion at work
Gender gap -0.191*** -0.120*** -0.048*** -0.046**
(0.016) (0.015) (0.015) (0.018)
Years of education 0.010** 0.014***
(0.004) (0.005)
Literacy test scores 0.012 -0.008
(0.017) (0.017)
Numeracy test scores 0.018 0.027
(0.017) (0.018)
Observations 35,383 35,383 35,383 27,839
R-squared 0.061 0.231 0.316 0.317
Panel D: use of learning skills at work
Gender gap -0.130*** -0.117*** -0.093*** -0.085***
(0.016) (0.017) (0.017) (0.019)
Years of education 0.028*** 0.031***
(0.004) (0.004)
Literacy test scores 0.032 0.034
(0.023) (0.022)
Numeracy test scores -0.005 0.001
(0.023) (0.023)
Observations 32,735 32,735 32,735 25,626
0.124 0.246 0.280 0.308
Country fixed effects Yes Yes Yes Yes
Counry-occup. fixed effects No Yes Yes Yes
Controls No No Yes Yes
Matched sample No No No Yes
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1. Control
variables differ by column. Column (1) controls for country fixed effects, Column (2)
controls for country-occupation fixed effects. Column (3) also controls for years of
education and standardized literacy and numeracy test scores, partner dummy, experience,
experienceˆ2, parents’ highest level of education, self-employment dummy, dummy for
having a permanent contract, dummies for 1-digit industry, 5 firm size categories, private
sector, dummy for those managing others and trust in others. Column (4) shows the results
estimated on the matched sample that uses propensity score matching (see the text for the
details). Standard errors are calculated with the jackknife method (suggested by [47]) using
80 replication weights. All of the results are calculated by using sampling weights provided
by the survey.
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Table A-10 Gender gap in non-cognitive skill use at work - seemingly unrelated regressions
(1) (2) (3) (4) (5)
Seemingly Unrelated Regression
Planning Influencing Task discretion Learning Mean effect
Panel A: without controls
Female -0.184*** -0.271*** -0.221*** -0.114*** -0.162***
(0.011) (0.012) (0.011) (0.011) (0.008)
Observations 29,169 29,169 29,169 29,169 29,169
R-squared 0.087 0.046 0.072 0.131
Country FE Yes Yes Yes Yes Yes
Cntry-occup. FE No No No No No
Controls No No No No No
Panel B: with controls
Female -0.015 -0.168*** -0.071*** -0.0979*** -0.077***
(0.012) (0.011) (0.011) (0.012) (0.007)
Observations 29,169 29,169 29,169 29,169 29,169
R-squared 0.285 0.360 0.257 0.227
Country FE Yes Yes Yes Yes Yes
country-occup. FE Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes
Job charact. Yes Yes Yes Yes Yes
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1.The Table
reproduces Table A-9 on the subsample where every skill use index is observed. Columns
(1)-(4) estimate the gender gap in skill use jointly for the four measures of non-cognitive
skill use indices with seemingly unrelated regression. Column (4) estimates the mean gender
difference with the method of [44]. Panel A controls only for country fixed effects while Panel
B uses every control as in Table 5, Column (3).Table A-10 shows that the results do not
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Fig. A-1 Self-reported and spouse-reported hours spent on housework (weekly hours)
Notes: The figure shows that the self-reported and spouse-reported hours spent on housework
are similar. Single households are omitted and hours spent on housework are winsorized at
40 hours.
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Table A-11 Gender gap in skill use at work and leisure time activities
(1) (2) (3) (4)
PS matching
Panel A: Numeracy skill use at work
Female -0.132*** -0.081*** -0.022 -0.003
(0.029) (0.028) (0.028) (0.032)
Has a partner 0.224*** 0.131*** 0.073*** 0.093***
(0.025) (0.025) (0.027) (0.026)
Partner*Female -0.154*** -0.109*** -0.009 -0.014
(0.032) (0.030) (0.034) (0.034)
Housework hours -0.003 -0.004
(0.003) (0.003)
ICT skill use for leisure 0.119*** 0.064*** 0.058*** 0.053***
(0.013) (0.012) (0.012) (0.013)
Numeracy skill use for leisure 0.273*** 0.246*** 0.249*** 0.255***
(0.013) (0.012) (0.011) (0.012)
Reading skill use for leisure 0.049** 0.094*** 0.092*** 0.093***
(0.022) (0.018) (0.018) (0.016)
Writing skill use for leisure -0.014 0.007 0.014 0.003
(0.018) (0.014) (0.013) (0.013)
Observations 24,522 24,425 24,425 19,194
R-squared 0.145 0.355 0.401 0.404
Panel B: Literacy skill use at work
Female 0.014 -0.049* -0.012 -0.011
(0.032) (0.027) (0.026) (0.027)
Has a partner 0.351*** 0.181*** 0.082*** 0.073**
(0.028) (0.024) (0.027) (0.029)
Partner*Female -0.268*** -0.139*** -0.000 0.015
(0.039) (0.032) (0.032) (0.032)
Housework hours -0.005*** -0.005***
(0.001) (0.002)
ICT skill use for leisure 0.131*** 0.071*** 0.078*** 0.073***
(0.013) (0.010) (0.010) (0.011)
Numeracy skill use for leisure -0.014 -0.001 0.019* 0.031***
(0.012) (0.010) (0.010) (0.010)
Reading skill use for leisure 0.363*** 0.323*** 0.303*** 0.307***
(0.016) (0.015) (0.015) (0.015)
Writing skill use for leisure 0.094*** 0.107*** 0.107*** 0.095***
(0.010) (0.010) (0.009) (0.009)
Observations 25,489 25,390 25,390 19,908
R-squared 0.226 0.423 0.485 0.492
Panel C: ICT skill use at work
Female -0.007 0.047* 0.078*** 0.099***
(0.030) (0.027) (0.027) (0.031)
Has a partner 0.289*** 0.195*** 0.144*** 0.143***
(0.030) (0.025) (0.029) (0.032)
Partner*Female -0.248*** -0.175*** -0.053 -0.083**
(0.039) (0.035) (0.034) (0.041)
Housework hours -0.008*** -0.006***
(0.002) (0.002)
ICT skill use for leisure 0.432*** 0.352*** 0.345*** 0.342***
(0.015) (0.015) (0.014) (0.016)
Numeracy skill use for leisure -0.001 -0.019 -0.008 -0.007
(0.015) (0.013) (0.012) (0.013)
Reading skill use for leisure 0.038** 0.076*** 0.069*** 0.069***
(0.018) (0.017) (0.017) (0.017)
Writing skill use for leisure 0.014 0.036*** 0.037*** 0.025**
(0.012) (0.012) (0.011) (0.011)
Observations 22,555 22,447 22,447 17,526
R-squared 0.212 0.409 0.451 0.459
Additional controls No No Yes Yes
Working hours No No Yes Yes
Hours spent on family care No No Yes Yes
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1. Control
variables differ by column. Column (1) controls for country fixed effects, Column (2)
controls for country and on occupation fixed effects. Columns (3) and (4) use the same
control as in Table 7.Standard errors are calculated with the jackknife method (suggested
by [47]) using 80 replication weights. All of the results are calculated by using sampling
weights provided by the survey.
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Table A-12 The effect of children on the gender gap
(1) (2) (3) (4)
PS matching
Panel A: Numeracy skill use at work
Female -0.110*** -0.114*** -0.073*** -0.061**
(0.028) (0.025) (0.025) (0.030)
Has a partner 0.160*** 0.093*** 0.081*** 0.072***
(0.024) (0.021) (0.022) (0.026)
Partner*Female -0.040 -0.057 -0.059* -0.030
(0.042) (0.037) (0.035) (0.034)
Has a child -0.004 0.001 -0.030 -0.018
(0.033) (0.032) (0.031) (0.037)
ChildXFemale 0.203*** 0.064 0.061 0.071*
(0.060) (0.042) (0.038) (0.042)
Observations 29,938 29,938 29,938 23,604
R-squared 0.068 0.298 0.331 0.333
Panel B: Literacy skill use at work
Female 0.052* -0.087*** -0.075*** -0.073**
(0.031) (0.025) (0.025) (0.031)
Has a partner 0.281*** 0.135*** 0.090*** 0.079**
(0.031) (0.025) (0.028) (0.031)
Partner*Female -0.100** -0.080** -0.068* -0.052
(0.045) (0.039) (0.039) (0.045)
Has a child -0.034 -0.069 -0.091* -0.113**
(0.073) (0.050) (0.048) (0.051)
ChildXFemale 0.146*** 0.025 0.025 0.003
(0.053) (0.044) (0.042) (0.061)
Observations 30,955 30,955 30,955 24,291
R-squared 0.102 0.355 0.390 0.400
Panel C: ICT skill use at work
Female -0.066** -0.030 -0.015 0.012
(0.032) (0.028) (0.028) (0.033)
Has a partner 0.181*** 0.110*** 0.142*** 0.133***
(0.032) (0.028) (0.033) (0.037)
Partner*Female -0.025 -0.044 -0.065* -0.090*
(0.038) (0.037) (0.037) (0.046)
Has a child 0.144*** 0.130*** 0.085** 0.115***
(0.045) (0.038) (0.038) (0.038)
ChildXFemale 0.048 -0.015 -0.005 0.045
(0.064) (0.055) (0.053) (0.055)
Observations 25,701 25,701 25,701 20,003
R-squared 0.085 0.321 0.353 0.367
Time allocation Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes
Country-occup. fixed effects No Yes Yes Yes
Other for job characteristics No No Yes Yes
Notes: Standard errors are in parentheses *** p < 0.01, ** p < 0.05, * p < 0.1. Control
variables differ by column. Column (1) controls for country fixed effects, Column (2) controls
for country-occupation fixed effects. Column (3) also controls for years of education and
standardized literacy and numeracy test scores, partner dummy, experience, experienceˆ2,
parents’ highest level of education, self-employment dummy, dummy for having a permanent
contract, dummies for 1-digit industry, 5 firm size categories, private sector, dummy for those
managing others and trust in others. Column (4) shows the results estimated on the matched
sample that uses propensity score matching (see the text for the details). Standard errors
are calculated with the jackknife method (suggested by [47]) using 80 replication weights.
All of the results are calculated by using sampling weights provided by the survey.
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Fig. A-2 Amount of family care by the hours spent on housework
Notes: The figure shows the average hours spent on family care as the function of hours
spent on housework. Both the hours spent on housework and family care are winsorized at
40 hours.
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Fig. A-3 The gender gap in skill use by educational level
Notes: The figure shows the gender gap in cognitive test scores by educational level. The
figures on the left show the raw gap, while the figures on the right use partner dummy, child
dummy, years of education, experience, experienceˆ2, literacy and numeracy test scores,
occupation categories (ISCO 3-digit), country fixed effects, parents’ highest level of education
and parents’ immigration status, self-employment dummy, dummies for 1-digit industry, 5
firm size categories as control variables. Standard errors are calculated with the jackknife
method (suggested by [47]) using 80 replication weights. All of the results are calculated by
using sampling weights provided by the survey.
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Fig. A-4 The gender gap in skill use by occupation groups
Notes: The figure shows the gender gap in cognitive test scores by occupational categories.
The figures on the left show the raw gap, while the figures on the right use partner dummy,
child dummy, experience, experienceˆ2, literacy and numeracy test scores, occupation cat-
egories (ISCO 3-digit), country fixed effects, parents’ highest level of education and par-
ents’ immigration status, self-employment dummy, dummies for 1-digit industry, 5 firm size
categories as control variables. Standard errors are calculated with the jackknife method
(suggested by [47]) using 80 replication weights. All of the results are calculated by using
sampling weights provided by the survey.
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Fig. A-5 Gender gap in skill use by firm size
Notes: The figure shows the gender gap in cognitive test scores by firm size categories. The
figures on the left show the raw gap, while the figures on the right use partner dummy, child
dummy, experience, experienceˆ2, literacy and numeracy test scores, occupation categories
(ISCO 3-digit), country fixed effects, parents’ highest level of education and parents’ immi-
gration status, self-employment dummy, dummies for 1-digit industry, 5 firm size categories
as control variables. Standard errors are calculated with the jackknife method (suggested by
[47]) using 80 replication weights. All of the results are calculated by using sampling weights
provided by the survey.
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Fig. A-6 Average skill use and gender gap test scores by occupations
Notes: The figure shows the average skill use in a given occupation (vertical axis) by the gen-
der gap in cognitive test scores (horizontal axis) in a given occupation. Every dot represents
an occupation defined by 3-digit ISCO codes.
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Fig. A-7 Average skill use and gender gap test scores by occupations
